INTRODUCTION
Nearly all cells in the human body are mobile at a given time during their life cycle.
Embryogenesis, wound-healing, immune defense, and the formation of tumor metastases are well-known phenomena that rely on cell migration. Extensive experimental work revealed a precise spatial and temporal coordination of multiple components of the cellular migration machinery such as the actin cytoskeleton, cell-substrate and cell-cell interactions, and the activity of ion channels and transporters [1] [2] [3] [4] . These findings are the basis for detailed molecular models representing different microscopic aspects of the process of cell migration like the protrusion of the leading edge of the lamellipodium, or actin dynamics 5 . Mathematical continuum models, on the other hand, focus on collective properties of the entire cell in order to explain requirements for the onset of motion and some typical features of cell motility 6 .
These models are usually limited to small spatiotemporal scales. Therefore they provide little information about how the integration of protrusion of the lamellipodium, retraction of the rear part, and force transduction onto the extracellular matrix leads to the sustained long-term movement of the entire cell. This process is characterized by alternating phases of directed migration, changes of direction, and polarization. The coordinated interaction of these phases suggests the existence of intermittency 7 and of strong spatiotemporal correlations. It is therefore an important question whether the long-term movement of the entire cell can still be understood as a simple diffusive behavior like usual Brownian motion 8, 9 or whether more advanced concepts of dynamic modeling have to be applied 10, 11 .
RESULTS AND DISCUSSION
We performed migration experiments and analyzed the trajectories of two migrating transformed renal epithelial MDCK-F cell strains: wildtype (NHE + ) and NHE-deficient (NHE -) cells 12 . The cells were observed for up to 1000 min. Fig. 1a Fig. 1b) , the exponent β(t) of the msd gradually decreases below 1.5.
We next extracted the probability that the cells reach a given position x at time t from the experimental data. This corresponds to the temporal development of the spatial probability distribution function p(x,t) delivering information beyond the msd. Figs. 2a and 2b reveal the existence of non-Gaussian p(x,t) distributions for different points in time. The transition from a peaked distribution at short times t = 1 min to rather broad distributions at long times t = 16.11.2007 5 -20
processes acting on different time scales. The shape of the distributions can be quantified by calculating the kurtosis according to Eq. 5 which is displayed as a function of time in Fig. 2c .
The kurtosis rapidly decays from values around 7 -9 to reach a constant value of about ~ 2.3
for both cell types in the long time limit. Such a behavior implies a transition of p(x,t) from a peaked to a flat form also visible from Figs. 2a and 2b. The time-dependent deviation of the kurtosis from the value of 3 which would correspond to a Gaussian distribution (as e.g. for the
Ornstein-Uhlenbeck process) is another strong manifestation of the anomalous nature of cell migration.
To gain further insight into the origin of the anomalous dynamics we calculated the velocity autocorrelation function ) (t v ac (defined in Eq. 4) that characterizes the correlation of the velocity (Eq. 3) at time t with its value at time t = 0 (Fig. 3) . As for the msd in Fig. 1b 15, 16 . The logarithmic derivative of the model Eq. 10 in Fig. 1c emphasizes the influence of the noise term for short times generating the deviation from a ballistic initial increase of the msd in agreement with the experimental data. Without the noise term (η = 0) β(t) would be 2 for short times. In addition, the figure shows a continuous transition of β(t) to the estimated exponent 2-α (Table 1a) for long times.
In order to show that the predictions of the fractional Klein-Kramers equation correspond more closely to the experimental data than those from simpler dynamical models
we included a quantitative analysis of the Ornstein-Uhlenbeck process 13, 14, 17 . The application of Eq. 11 to the experimental msd data delivers the Ornstein-Uhlenbeck parameters in Table   1b . At first sight the double logarithmic plot in Fig. 1b Fig. 3 and is also the case for the corrections at t = 0 min which are not visible in the double logarithmic plots.
In summary, we have shown that a variety of anomalous dynamical properties characterizes the migration process of MDCK-F cells. In all these quantities we observe a crossover between anomalous dynamics on different time scales which reminds of intermittent behavior as claimed to be important for optimal search strategies of foraging animals 7 . The fractional Klein-Kramers equation amended by an uncorrelated noise term models the msd and velocity autocorrelation function for all times as well as the long time dynamics of the probability distribution p(x,t). Thus, our approach offers a theoretical framework which allows the classification of the dynamics of cell migration with a few physical parameters that can be calculated from the cells' trajectories. These can be compared for different cell types and under different experimental conditions. We probed our model by 
Migration experiments
Cells were seeded at low density (in order to avoid collisions between cells during the 
where ... denotes an average as in Eq. 1.
The position of the cells can also be used to calculate the probability p(x,y,t) of finding a cell at position (x,y) for time t. Because we did not find any correlations between x and y direction in the velocity autocorrelation function (data not shown) we reduced the discussion to p(x,t)
given as average of x and y positions.
The kurtosis is defined as the ratio of moments by
It can be interpreted as shape index of the probability distribution function p(x,t) and takes the value of 3 for Gaussian functions.
Fractional Klein-Kramers equation
The anomalous properties of cell dynamics were assessed with the fractional KleinKramers equation (FKK) for the probability distribution P(x, v, t) in position x, velocity v, and time t as proposed by Barkai and Silbey 18 but without external forces: 
In the case of the Ornstein-Uhlenbeck limit (α = 1) E α reduces to an exponential decay ~
exp(-γ 1 t). The mean squared displacement of the fractional Klein-Kramers equation is
represented by the generalized Mittag-Leffler function 22 
The mean thermal velocity v th 2 =k B T/M is related to the generalized diffusion coefficient D α by the relation
In the limit of large damping (γ α : \) the fractional Klein-Kramers
Eq. 8 can be extended in order to include uncorrelated noise of variance η 2 generated by measurement errors 23 or by biological activity e.g. by the fluctuating lamellipodium (t > 0) (12) with the Kronecker delta δ(t,t') = 1 for t = t' and 0 elsewhere. All other times are unaffected, if the noise source is uncorrelated.
Bayesian data analysis
The parameters of the FKK model in Eq. 6 and their uncertainties were estimated with Bayesian data analysis 24 (for a recent review see 25 ) applied to the corresponding twodimensional mean squared displacement of Eq. 10 (or Eq. 11 for the Ornstein-Uhlenbeck process). Bayesian data analysis offers a logically consistent link between data and models. It 1 5 ) where N is the number of cell paths. The quotient of path length T path (= 500 min) and actual time t i estimates the number of more or less independent measurement intervals during the calculation of the combined expectation value in Eq. 1 (also see Qian et al. 26 for the discussion of statistical errors of the msd). In addition, Eq. 13 allows the estimation of the uncertainties of the parameter with n = 2 via
( 1 6 ) In addition, we applied this formalism to simulated data of the Ornstein-Uhlenbeck process with a number of data that is comparable to the experiments. These simulations showed that the presented Bayesian data analysis delivers an agreement of estimated and actually used simulation parameters within the uncertainties (data not shown).
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